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In this work we study how different motivations of learners relate to their engagement in a massive open
online course (MOOC). The research was conducted in a cohort-based astronomy MOOC “Astronomy:
Exploring Time and Space” provided through the Coursera platform. In order to discern motivations of
course participants, the Science Motivation Questionnaire II was administered as a first assignment of the
course. The survey data were collected from December 2016 until December 2018 and responses from
3701 learners were acquired. In order to determine the relationship of motivation to course performance,
four course engagement indicators are defined: course completion, use of video lectures, participation in
the discussion forums, and participation in peer-grading assignments. Self-determination and self-efficacy
are identified as the main motivational factors influencing all aspects of the course engagement except for
the video usage. We show that both of these decrease with age, but increase with the number of previously
taken science courses. The main reasons for signing up for the course which had an effect on course
engagement were the goal of getting a certificate and perceived importance of the reputation of the
instructor. There was no statistically significant difference in motivations between people who dropped
after the first peer graded writing assignment and those who successfully completed the course, suggesting
that after the first writing assignment learners quit from other reasons than lack of motivation.
Unexpectedly, learners with high career, grade, and social motivation watched statistically significantly
fewer instructional videos, and social motivation did not play a role in the forum usage.

DOI: 10.1103/PhysRevPhysEducRes.15.020140

I. INTRODUCTION

The aim of this study is to investigate why learners
enrolled in our astronomy massive open online course
(MOOC), what their motivational characteristics are, and
how these are related to the course performance.
In order to do so we administered the Science Motivation

Questionnaire II [1] which was originally developed for
studying motivations of college students in traditional class-
room settings. This instrument has been adapted to assess the
motivation of secondary students [2,3], and has even been
used in the MOOC settings to distinguish motivational
differences between students using different language muta-
tions of the same nanotechnology course [4]. In our study we
added items related to subject-specific and socialmotivations
which could play a role in the MOOC setting. These
categories were tested on a small sample of respondents,

and the validity of the modified instrument was determined
for our dataset (see Sec. V B 1). Finally, we measure the
engagement of learners in the course by their final grades,
number of instructional videos watched, number of forum
posts written, and number of peer gradings performed.
Massive open online courses have been a part of our

educational landscape for almost a decade [5], and although
the general excitement from the 2012 “Year of the MOOC”
[6] has mostly subsided [7–9] MOOCs are quickly finding
their place in society [10,11]. Within the past six years,
the total number of learners reached 80 million, with more
than 800 universities and institutions participating [12].
This rapid expansion has transformed MOOCs into an
industry with a potential revenue currently exceeding
$65 million, one which offers more than 500 microdegrees
and even full college degrees with many commercial
players participating [13].
Alongside their wide deployment MOOCs continue to

be the subject of very active educational research [14–16].
Despite their popularity, MOOCs still have very high
attrition rates [17,18], which drives the effort to understand
the motivation of the MOOC learners to enroll and remain
engaged in the course [19–22].
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II. THEORETICAL FRAMEWORK AND
RESEARCH BACKGROUND

Motivation can be characterized in a variety of ways, but
studies of motivation focus “specifically on the relation of
beliefs, values, and goals with action” [23]. These studies
help researchers understand why people engage in different
activities and how beliefs, values and goals are related to
behavior [23]. Our study draws from a social cognitive
perspective of learning that is reflected in the instrument
chosen to study learner motivation. The social cognitive
perspective of learning is based upon the work of Bandura
[24] and others [25,26] and explains how learning inte-
grates students’ understanding and motivation through
student self-regulation [1]. This perspective, although used
by Glynn for undergraduate students, is also applicable to
free-choice learners to understand their learning and
motivation. Unlike other frameworks for learning such
as contructivism, this framework integrates both social
aspects and motivation into individual learning. Glynn
et al. [1] define motivation as “…an internal state that
arouses, directs, and sustains goal-oriented behavior.” In
the social cognitive theory, motivation consists of multiple
components which contribute to the model of motivation.
The motivational constructs pertinent to this study are as
follows:

• Intrinsic motivation, which for learning involves an
inherent satisfaction based on the feeling that learning
is inherently interesting and enjoyable [27,28].
This motivation can be also subject specific, in which
case it expresses desire to learn a particular topic.
Astronomy hobby motivation belongs to this category.

• Extrinsic motivation includes external incentives for
learning, such as obtaining a reward or avoiding
punishment [1,27]. Examples of such motivation
are career or grade motivation.

• Self-determination is a measure of the control that
learners believe they have over their learning process
[27]. It quantifies their conviction that they are able
to effectively devote time and resources to the learn-
ing task.

• Self-efficacy refers to learners’ level of confidence
that they can achieve high outcomes [29].

• Social motivation expresses the human need to inter-
act and to be accepted by other people [30]. In this
work we study social motivation in the context of a
learning environment.

MOOCs share common elements with traditional
classes, e.g., lecture-based content delivery, quizzes, and
writing assignments, but the audience is very different both
demographically and motivationally. Career motivation and
satisfying one’s curiosity were identified as the primary
drivers of MOOC enrollment [31]. Satisfying curiosity is an
especially important aspect for MOOCs like our astronomy
course, which are not intended for advancing learners’
careers. These MOOCs are closer to free-choice learning

environments, for example, museums or planetariums, than
traditional classrooms [32]. Falk and Dierking [33]
describe free-choice learning as “self-directed, voluntary,
and guided by individual needs and interests,” and as such,
these environments attract different types of learners [34].
This study and a future study of our recently launched
astrobiology course aims to provide evidence that these
MOOCs should be considered to be free-choice learning
environments.
MOOCs serve as a very efficient outreach tool for their

creators and institutions, and their impact could improve
significantly with lower attrition of learners. Therefore, it is
important to determine what factors influence engagement
and how to efficiently create courses that align better with
the free-choice learning goals and motivations.
Traditionally, it is believed that a major motivation of

MOOC learners is extrinsic career motivation, as was
shown by Christensen et al. [31]. This is not applicable
to the “hobbyist” category of MOOCs such as ours, where
only a negligible number of learners desire to advance their
careers. We came to this conclusion in our previous study
[32], where we compared motivations of MOOC learners
and college students in the same introductory astronomy
context. The MOOC participants had significantly higher
intrinsic and astronomy hobby motivation, self-efficacy,
and self-determination. These were also the highest scoring
motivational categories. On the other hand, MOOC learners
were scoring the lowest on social motivation, grade
motivation, and career motivation. In our opinion, in the
free choice learning environment of a science MOOC, the
learners need to be more intrinsically motivated to succeed.
Shroff et al. [35] compared online and traditional learners
and also reported higher intrinsic motivation for online
learners, albeit in more traditional settings.
In past few years, a significant body of literature on

motivation in MOOCs has been published [36,37]. There
have been studies that approach the motivation of the
learners from various angles. For example, Barak et al. [4]
investigated the influence of a language aspect, Watted and
Barak [38] looked at the comparison between university
affiliated students and general audiences, Littlejohn et al.
[39] studied motivation and self-regulated learning, and
de Barba et al. [40] attempted to predict course perfor-
mance based on motivational factors. Despite the recent
spike in the research interest for the motivation of MOOC
learners, our understanding of how they interact with the
course material and what motivates them to finish is still
developing.
We adopt a holistic picture of course engagement,

looking at multiple aspects of the learners’ participation.
The completion rate is widely studied as the most important
facet of engagement; there are several recently published
longitudinal reviews drawing from studies of hundreds of
MOOCs [18,41]. In this work we want to tie the completion
rate with the motivation of the learners and also look on the
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less studied aspects of course engagement. We are not
aware of any other study that would approach video
engagement from the motivational perspective, and yet
videos are major part of the MOOCs’ pedagogy [42].
Lin et al. [43] argue on an example of online courses that
student engagement with the video has little correlation
with course performance and therefore we believe it is
worth studying on its own. There have been efforts to
understand the role of MOOCs’ discussion forums. For
example, Onah et al. [44] report on their typical uses. It
would be interesting to understand the motivations of
learners who engage with them. Finally, with the previous
session-based interaction of our course, we conducted a
comprehensive study of the peer-grading process [45,46],
and we identified participation in the first peer-graded
assignment as a major predictor of completion for the
whole MOOC. Therefore, it would be desirable to deter-
mine the motivational differences between participants in
this assignment and the rest of the people in the course.

III. RESEARCH QUESTIONS

The overall goal of our study is to answer the following
research questions:
(1) Which of the reasons for signing up for our course

have a statistically significant relationship with
course engagement?

(2) What are the motivations of the survey participants
as measured by an adapted version of the Science
Motivation Questionnaire II? How do the motiva-
tional scores depend on the demographics of the
learners?

(3) How do the motivations of different groups of
learners, based on course engagement, differ from
each other? Which motivational category is the
strongest predictor of course completion: video
engagement, forum, and peer-grading participation?

In the following section (Sec. IV) we describe the course
and its participants, in Sec. V we present methods used for
the data analysis, and in Sec. VI we discuss the main results
of our study.

IV. RESEARCH SETTINGS AND PARTICIPANTS

The investigation of motivation of MOOC learners
was conducted in the cohort based Coursera MOOC
“Astronomy: Exploring Time and Space.” Learners in a
cohort-based MOOC proceed through the course together;
in our case a cohort is defined as all users who start within
the same month.
Our course aims to give a general audience the oppor-

tunity to learn basics of a wide scope of astronomy topics
which range from historical introduction and observational
techniques through the detection of exoplanets and stellar
evolution, all the way up to cosmology and the search for
extraterrestrial life. Many of these topics are subjects of

active research, and the goal of our course is to provide
learners with sufficient background knowledge to under-
stand current news articles about new discoveries.
The bulk of the content is delivered through short,

8–12 min long, instructional videos which add up to
18 h of video lectures. The videos are supplemented by
readings from a free online textbook accessible at the
instructor’s website Teach Astronomy [47] and lecture
slides are also available for download. The course is
divided into 11 modules and each is designed to take
about 1 week to finish. This course is at the high end of
MOOC offerings in terms of course length and the number
of hours of video lectures [41,48]. By the date at which we
conducted our data analysis (December 26th, 2018), we
had 54 282 registered learners, out of whom 20 393
(37.6%) attempted at least one graded assignment and
1246 (2.3%) successfully passed the course.
The demographics of the course participants were very

similar to the previous installments of our course [45,49]
and also with other publications studying the demographic
of MOOC learners [50,51]. Based on the information from
IP addresses, almost one-third of the learners came from
the United States (29.6%). The next countries, ordered by
enrollment, were India (11.5%), United Kingdom (4.7%),
Canada (3.9%), and Brazil (3.9%). The majority of the
learners (73.3%) had their browsers set to English lan-
guage, followed by Spanish (7.0%), Chinese (3.5%), and
Portuguese (3.5%). Out of the 41 795 learners for which
Coursera has gender information, 58.8% were male and
41.2% were female.
The survey participants had higher representation from

the United States (34.5%), but the top five countries were
the same: India (10.0%), United Kingdom (6.5%), Canada
(4.8%), and Brazil (3.2%). A higher number of the survey
respondents had the language of the browser set to English
(78.1%), followed by Spanish (7.1%), Portuguese (2.8%),
and Russian (2.0%). 55.6% of the survey participants were
male and 44.3% female. Apart from the Science Motivation
Questionnaire II, our survey included a couple of demo-
graphic questions which helped us better understand our
population of learners. We inquired about age, highest
achieved education, number of previous scientific courses
taken, and current occupation. The most highly represented
age group of learners were people in their twenties (29.6%),
two-thirds of our learners are holders of some type of
university degree, and only about 30% of them never had a
college-level science course before. One-quarter of our
learners are full-time students, followed by people in
science, engineering, and computer professions (20%),
retired people (9%), and educators (8%).

V. RESEARCH DESIGN AND METHODS

This study employs quantitative research methods [52]
for which we adopted a correlational research design [53].
The primary purpose is to examine a relationship between
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two variables [54], in our case motivation and engagement
in an Astronomy MOOC setting. The initial phase con-
sisted of quantitative data collection followed by the
statistical analysis [53] of both survey and course data.

A. Methods of data collection

The sources of the quantitative data for our study were a
motivational survey administered as a first assignment of
the course and the course analytic data provided by
Coursera. The learners received the link for the external
online survey immediately upon signing up for the course
as a part of an automatically sent welcome email.
Participation in the survey was optional, and the learners
could separately decide to not allow processing their survey
data or accessing their educational records in our course
without any impact on their grade. The motivational survey
dataset was downloaded on December 26th, 2018.
Demographic information in Sec. VI D uses all the data
provided with consent to “use survey responses for
research” which was in total 6851 users (12.6% of the
total course enrollment).
The Science Motivational Questionnaire consisted of

36 statement that the participants were asked to rate on a
scale of never, rarely, sometimes, usually, and always (see
Appendix). In addition, we administered several demo-
graphics questions regarding learners’ age, education, and
gender. Finally, we asked our learners to specify reasons for
enrolling in our course.
The course data were also downloaded on December

26th, 2018. In order to tie the survey responses with the
course performance we established a cutoff that would
discard the survey participants who still had not had
enough time to finish the course. The time necessary to
finish the course is estimated at 11 weeks, so we set the
cutoff on October 10th, 2018—allowing 11 weeks before
downloading the data on December 26th, 2018. For this
portion of our research, we also required a consent to
“access the Coursera educational records.” After imple-
menting the cutoff and discarding users who did not give
us consent to process the course data or for whom we
could not pair the course performance with the survey
responses, our original dataset of 6851 entries reduced to
3701 learners. This means that the survey respondents not
only voluntarily participated in a survey, but also con-
sented to making their educational records in our course
available for research.
The educational records of individual users were pro-

vided on a request from Coursera. Coursera does not
provide identifiable information for any of its users. All
records for a given learner are accessible under a hashed
user id which allows us to track course performance of our
learners without knowing their identity. In order to inves-
tigate the learners’ engagement, we downloaded grades
from the assignments, information about video completion,
forum entries, and peer-grading data.

B. Methods of analysis

In this section, we describe the methods used for
processing both the motivational survey and Coursera’s
educational records. We present mapping of the survey
scale to quantitative values, indicators of course engage-
ment, and associated statistics metrics. Finally, we discuss
statistical tests necessary to determine the significance of
differences between groups of learners.

1. Categorizing learners by motivation

The survey instrument was adapted from an established
Science Motivation Questionnaire II [1] intended for
college audiences. This instrument was previously used
for studying motivation in MOOC settings [4] and we use a
similar format. Appendix contains a copy of the survey.
Table I presents the motivational categories for our study.
The abbreviations in parentheses are used in Appendix to
assign survey questions to the appropriate motivational
category. For processing, the survey responses were
mapped to numerical values: never, 1; rarely, 2; sometimes,
3; usually, 4; always, 5.
We added two additional categories of questions to the

ScienceMotivation Questionnaire II. These categories were
subject-specific astronomy hobby motivation and social
motivation, which were theoretically derived and tested on
a small sample of 230 learners in August 2016. The internal
consistency of the instrument was measured by Cronbach’s
reliability test [55] (see Table I). Cronbach’s test evaluates
if the questions for each motivational category are suffi-
ciently closely related based on the responses from our
participants. Since the results for our pilot study were
encouraging, we proceeded with deploying the instrument
for the whole MOOC. Table I shows that the internal
consistency measure, Cronbach’s α, as calculated for all of
our survey respondents is for each category in an acceptable
(α > 0.7) to excellent range (α > 0.9). As reported in
Ref. [56] any Cronbach’s α higher than 0.7 indicates
sufficient consistency of a test category.

TABLE I. Motivational categories tested by the survey instru-
ment. The measure of the instrument’s internal consistency—
Cronbach’s α for the pilot study and the whole dataset is
presented.

Pilot Whole survey

Motivational category (n ¼ 230) (n ¼ 3701)

Astronomy hobby motivation (AH) 0.69 0.72
Career motivation (C) 0.92 0.92
Grade motivation (G) 0.84 0.81
Intrinsic motivation (I) 0.69 0.77
Self-determination (SD) 0.78 0.84
Self-efficacy (SE) 0.82 0.84
Social motivation (S) 0.80 0.79
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For each individual learner we distinguish three tiers of
motivation based on the average of all responses for survey
questions belonging to a given motivational category:

• Low: If average ≤ 2,
• Mid: If 2 < average < 4,
• High: If average ≥ 4.
Although calculating averages of the responses on a

scale from never to always could be problematic, we use
this only as a tool which allows us to bin the respondents to
the three tiers of motivation: low, mid, and high. Then it
makes sense to talk about groups of learners with a given
motivational characteristic and tier. For example, we can
unambiguously establish a group of learners with high
grade motivation or a group of learners with low social
motivation. Conversely, for a specific group of learners we
can determine their percentages in low, mid, or high tier of a
given motivational category. In the following analysis, we
will report these as descriptive statistics characterizing
motivation of a specific group of learners.

2. Course engagement indicators

In order to measure course engagement of any given
group, we selected four course engagement indicators. These
determine what percentage of the learners in the group

• passed the course,
• watched more than 70% of the videos,

• participated in the discussion forum,
• participated in the peer grading.
As we show in the Fig. 1, the underlying distributions of

final grades, percentage of videos watched, number of
forum posts, and number of peer gradings are nonpara-
metric and the former two are even bimodal. The non-
normality of the distributions was corroborated by
D’Agostino’s and Pearson’s omnibus normality test [57]
(p < 0.001 for all). This finding is important, because it
prevents us from using standard parametric tests like t tests
or ANOVA for comparison of groups with these distribu-
tions, and therefore we have to resort to nonparametric
statistics. Also, for such distributions the arithmetic mean is
not a good statistical metric, because the majority of the
learners do not fall near the vicinity of the average. Because
the arithmetic mean does not represent the distribution well
we adopted the binary criteria above. For example, we ask
what percentage of learners in a given group passed the
course instead of asking what was the grade average of
the group.
With the established metric for each engagement

indicator, we can now determine for any arbitrary group
of learners what percentage of them satisfied the criterion
above (passed the course, watched more than 70% of
videos, participated in a discussion forum, did peer
grading) and compare these indicators between different

(a) (b)

(c) (d)

FIG. 1. Histograms for the distributions of (a) grades for learners who did at least one graded assignment, (b) video usage for learners
who watched at least one video, (c) forum posts for learners who engaged in the discussion forum, (d) peer reviews for learners who
participated in the peer reviewed assignments.
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groups. The 70% cutoff for the percentage of the videos
watched is arbitrary, and any other cutoff would work the
same. We chose 70% so that the percentage of learners
satisfying this criterium (proxy for the effect size) is
similar to the rest of the indicators.
The peer-grading task is composed of evaluating a short

750 word essay on a scale of 0–6 points using a provided
rubric. Our previous study [46] showed that learners spend
on average 50–250 sec reviewing each essay, so this task is
not time demanding, but requires a higher level of engage-
ment. The discussion forum is set up for each cohort
separately so that learners can interact with users who
started within the same month. Figure 1 shows the number
of people participating in the forum and peer grading was
relatively small (1131 and 3998, respectively) and their
overlap with the survey was even smaller (255 and 841
learners, respectively). Therefore, we were interested in the
motivational characterization of learners who participated
at all in these activities and set the cutoff to a single forum
post or peer grading.

3. Tests of significance

In this subsection we introduce statistical methods
employed in our analysis. Specific details regarding what
are the underlying distributions, what groups are being
compared and what is the statistic metric will be given in
Sec. VI every time a specific test is used. The distributions
in this study are non-normal and each group of learners
(satisfying a given demographic, motivational, or engage-
ment criterion) is also a subset of the survey itself rather
than an independent sample. For comparison of a specific
group with the rest of the people in the survey with
nonparametric underlying distributions, we use the two
sample Kolmogorov-Smirnov (KS) test [58]. If we want to
compare more than two groups, we need to use the
Kruskal-Wallis test followed by Dunn’s post hoc test,
which serves as a nonparametric analysis of variance [59].

VI. RESULTS

Here we present the main results of the study which
address our research questions. Section VI A compares the
engagement of the survey respondents with the rest of the
course participants. In Sec. VI B, we show how different
reasons for taking the class translate to course participation
and performance. Finally, we look in detail at results from
the Science Motivation Questionnaire II [1] (Sec. VI C).

We study how motivation of learners changes with their
demographics (Sec. VI D) and how the motivation relates to
course engagement (Sec. VI E).

A. Overall engagement of survey respondents

In Table II we compare the course engagement indicators
(as established in Sec. V B 2) between the survey respon-
dents and people who did not participate in the survey. We
used a method described in the Sec. VI B to determine the
significance of the results.
For example, for the first indicator determining partici-

pation in the graded assignments, we compare two inde-
pendent samples using the Kolmogorv-Smirnov two
sample test. The first sample contains 3701 learners who
filled out our survey, and in the second we have 50 581
learners who form the complement to the rest of the course
participants. The statistic metrics—percentage of people
who passed the course—is reported in Table II for both.
The null hypothesis assumes that there is no statistically
significant difference between the grade distributions of the
two. Note that both of these distributions are subsets of the
grade distribution for the whole population reported in
Fig. 1(a). Analysis of the remaining three course engage-
ment indicators was analogical with the respective distri-
butions of video watches, forum posts and peer gradings.
To illustrate, we include a plot of all cumulative distribution
functions in Fig. 2.
We see that the survey participants were already scoring

statistically significantly higher in all engagement indica-
tors than the rest of the course participants (Table II). It is
natural that people who voluntarily fill out a survey are
better engaged and more motivated. Therefore in our study
we cannot generalize the results for the whole course
population, but we can use aggregate survey results as a
baseline to study the differences in performance of different
subgroups among this highly engaged sample.

B. Reasons for taking the course

In Table III, we summarize the results for a survey
question “Why did you sign up for this course? Select all
that apply.” The top three reasons were “Interest in
astronomy” (95.9%), “It was free” (48.3%), and “To learn
about specific topic in astronomy” (28.6%). Table III
reports the performance of people who selected each of
the seven given reasons in each of the four course engage-
ment indicators. The two sample KS-test between each
group and its survey complement was performed for all of

TABLE II. Comparison of engagement indicators between people who took the survey and who did not. Survey results in bold and
denoted by an asterisk mark the statistically significant results of the Kolmogorov-Smirnov test at the p ¼ 0.05 level.

Participated in the survey? No. of learners Passed Watched over 70% of videos Participated in forum Did peer grading

Yes 3701 *10.8% *17.0% *7.1% *23.3%
No 50 581 1.7% 3.4% 1.7% 5.1%
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these seven groups and four engagement indicators
(28 tests in total). For example, in order to determine if
people who signed up for the course because they wanted
to earn a certificate had a statistically significantly higher
passing rate we created two groups: learners who indicated
this response as one of the reasons to sign up (n ¼ 317,
23.7% passed) and the rest of the survey—people who
did not select this reason (n ¼ 3384, 9.6% passed).
We compared the grade distributions of these two groups
using the Kolmogorov-Smirnov two sample test. The same
procedure was applied for all other reasons and other

engagement indicators, using the underlying distributions
of percentage of videos watched, number of forum posts,
and number of peer gradings. The results of all the KS tests
on both p ¼ 0.05 and p ¼ 0.01 level are reported in
Table III.
Perhaps not surprisingly, it turned out that people who

stated as one of the reasons for taking the class the
reputation of the instructor watched on average more
videos than the rest of the survey participants. Compared
to the whole survey (17.0%) more than one and a half times
as many of them (28.6%) watched more than 70% of the

(a)

(c) (d)

FIG. 2. Cumulative distribution functions for the (a) grades, (b) percentage of videos watched, (c) number of forum posts, (d) number
of peer reviews for survey participants (dashed line) and for the rest of the learners in the course (solid line).

TABLE III. Answers to the question: “Why did you sign up for the course?” and the engagement scores. Each group was compared
with the rest of the people in the survey using a two sample KS test. Statistically significant results at p ¼ 0.05 (*) and p ¼ 0.01 (**)
level are in bold font.

Reasons for signing up % of Learners Passed Watched over 70% of videos Participated in forum Did peer grading

Interest in astronomy 95.9% 11.0% 17.4% 7.2% 23.3%
It was free 48.3% 10.0% 17.2% 6.7% 22.3%
To learn spec. topic in astr. 28.6% 10.8% 15.7% 8.8% 23.8%
To earn a certificate 8.6% **23.7% **25.6% *13.9% **40.7%
Reputation of instructor 7.1% **18.7% **28.6% *13.4% **34.7%
Rec. from a friend or colleague 4.9% 12.2% 16.6% 5.0% 29.8%
To see structure of course 2.9% 9.3% 17.6% 8.3% 26.9%

Whole survey (n ¼ 3701) 10.8% 17.0% 7.1% 23.3%
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videos. More interesting is that they were also much more
likely to pass the course, participate in the forum, and do
the peer grading.
People who stated that they were taking the course to

earn a certificate, and therefore were likely to be paying
customers, engaged more with the course assignments than
the rest of the survey participants. The cost of the certificate
is $49. It allows students to prove that they completed the
course and can be used either in their CVor on LindkedIn.
Other reasons for signing up for the course did not show

any significant effect on the users’ performance.

C. Classification of learners’ motivations

As described in the methods of analysis (Sec. V B 1), we
collapse motivational scores of our learners into three tiers
(low, mid, high) for each motivational category based on
the average of numerical responses to each survey item in
a given category.
Such collapsed distributions of average motivational

scores are plotted in Fig. 3. We performed D’Agostino’s
and Pearson’s omnibus normality test [57] on the

noncollapsed average scores, and none of them satisfies
the normality criteria (p < 0.001 for all). People who
participated in the survey scored high on intrinsic motivation
(81.3%), astronomy hobby motivation (78.1%), and self-
efficacy (57.2%) with a negligible number of people scoring
low on all three. On the contrary, only a very few respondents
fall into a high social motivation category (8.7%).

D. Demographic differences

We were interested to know if there are any motiva-
tional differences among users with varied demographic
backgrounds. We investigated the dependence of the
motivational scores on age, number of previous scientific
courses, highest achieved education, and gender.
Figures 4–6 report our findings. We show that career,
grade, and social motivation decrease with age and the
highest achieved education (Figs. 4 and 6). In addition,
Fig. 4 shows that self-determination and self-efficacy
also decrease with age. Astronomy hobby motivation and
intrinsic motivation are changing as well, but the effect is
very small. On the other hand, with an increasing number
of previously taken scientific courses (Fig. 5), self-
determination and self-efficacy grow. All these findings
make very good intuitive sense. We would expect that
with increasing age and education people are no longer
motivated by grades or career prospects. Similarly, taking
more science courses gives people greater confidence
that they can succeed in a science course (self-efficacy)
and teaches them how to study science effectively (self-
determination).
Table IV shows results for the motivational differences

between the two genders using the KS test on the
distributions of survey responses. Reported in Table IV
are percentages of learners in the low and high tiers
of each motivational category. We found out that
there was a statistically significant difference in all

FIG. 3. Distribution of the average motivational scores for each
of the motivational categories (n ¼ 3701).

FIG. 4. Percentages of survey respondents in the high tier of each motivational category as a function of age of the learners.
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motivational characteristics except intrinsic motivation,
self-determination, and social motivation. Females were
on average statistically significantly more motivated by
grade and career, meanwhile males demonstrated higher
self-efficacy.

E. Course engagement vs motivation

In this section we explore the main objective of our
work: How the motivation of our learners relates to the
course engagement based on the course engagement
indicators as defined in Sec. V B 2.
Table V shows motivational factors that have a sta-

tistically significant effect on passing the course. We
compare distributions of survey answers of three groups
of learners: A, those who dropped out before the first peer-
grading assignment; B, those who dropped out after the

FIG. 5. Percentages of survey respondents in the high tier of each motivational category with number of previously taken science
courses.

FIG. 6. Percentages of survey respondents in the high tier of each motivational category as a function of the highest achieved
education.

TABLE IV. Comparison of percentages of learners in low and
high tiers of each motivational category for both genders.
Statistically significant results at the p ¼ 0.05 level using the
Kolmogorov-Smirnov two sample test are denoted with asterisks
and in bold type.

Female
(n ¼ 1571)

Male
(n ¼ 1966)

Motivation % low % high % low % high p

*Astronomy hobby 0.1 82.2 0.1 79.9 <0.001
*Career 18.5 37.6 18.1 36.3 <0.001
*Grade 18.8 35.6 22.2 27.7 <0.001
Intrinsic 0.2 83.0 0.1 85.4 0.79
Self-determination 4.5 38.3 3.3 38.0 0.31
*Self-efficacy 2.8 55.2 1.5 62.7 <0.001
Social 16.7 9.0 16.9 9.1 0.23
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first peer-grading assignment; and C, those who passed
the course.
The first peer-grading assignment was selected as an

important milestone because in our previous work [46] we

showed that it is one of the best predictors of completion
for the whole course. It would be useful to determine if
there are any differences in motivation of people who still
drop out after participating in the first peer-graded assign-
ment compared to learners who finish the whole course.
The comparison of these three groups on the distribu-

tions of survey answers was done using a nonparametric
test of variance consisting of the Kruskal-Wallis test and
Dunn’s post hoc test at the p ¼ 0.05 level. There was no
significant difference between groups B and C, which
means that none of the motivational factors played a role
after the first peer-grading assignment.
Self-determination and self-efficacy turned out to be the

most important motivational factors contributing to finish-
ing the course. In fact, learners with high self-determination
were 20.4% more likely to pass the course compared to
the survey average. Learners with high self-efficacy were
9.3% more likely to pass the course (see Table IX).
In Table VI we compare motivations of people who

watched more than 70% of the videos and those who did
not, using the KS two sample test on the distributions of
survey answers. We report that people who watched more

TABLE V. Comparison of percentages of learners in low and high tiers of each motivational category for those
who A—dropped out before the first peer graded assignment, B—dropped out after the first peer graded assignment,
and C—finished the course. The Kruskal-Wallis test was performed on each line and statistically significantly
different groups per Dunn’s post hoc test at p ¼ 0.05 level are listed in the last column.

A (n ¼ 2769) B (n ¼ 412) C (n ¼ 389)

Motivation % low % high % low % high % low % high Different

*Astronomy hobby 0.1 80.2 0.0 85.9 0.0 81.2 (A,B)
Career 18.9 36.9 16.3 38.8 15.4 35.5 � � �
*Grade 21.6 30.9 18.4 34.2 16.2 30.8 (A,B),(A,C)
Intrinsic 0.1 83.6 0.0 86.9 0.0 86.9 � � �
*Self-determination 4.0 36.5 4.1 43.0 1.3 45.5 (A,B),(A,C)
*Self-efficacy 2.2 57.9 1.7 64.8 1.0 64 (A,B),(A,C)
Social 17.3 9.6 14.8 7.8 15.4 6.9 � � �

TABLE VI. Percentages of learners in the low and high tiers of
each motivational category for those who did not watch more than
70% of videos and for those who did. Statistically significant
results at the p ¼ 0.05 level using the Kolmogorov-Smirnov two
sample test are denoted with asterisks and in bold type.

Did they watch over 70% of the videos?

No (n ¼ 2957) Yes (n ¼ 613)

Motivation % low % high % low % high p

Astronomy hobby 0.1 81.1 0.0 80.6 0.24
*Career 17.2 38.5 23.0 29.9 <0.001
*Grade 19.6 32.6 25.4 25.3 <0.001
Intrinsic 0.1 84.0 0.0 85.8 0.19
Self-determination 4.0 38.2 2.6 38.5 0.41
Self-efficacy 2.2 59.2 1.5 60.2 0.52
*Social 16.1 9.7 20.2 6.0 <0.001

TABLE VII. Percentages of learners in the low and high tiers of
each motivational category for those who did not participate in
the forum and for those who did. Statistically significant results at
the p ¼ 0.05 level using the Kolmogorov-Smirnov two sample
test are denoted with asterisks and in bold type.

Did they participate in the discussion forum?

No (n ¼ 3315) Yes (n ¼ 255)

Motivation % low % high % low % high p

*Astronomy hobby 0.1 80.5 0.0 87.8 0.007
Career 18.6 37.0 13.7 36.1 0.32
Grade 20.7 31.4 20.0 29.8 0.39
Intrinsic 0.1 84.0 0.0 89.0 0.10
*Self-determination 4.0 37.7 0.8 45.5 <0.001
*Self-efficacy 2.1 58.9 0.8 65.1 <0.001
Social 17.0 9.1 14.1 9.0 0.07

TABLE VIII. Percentages of learners in the low and high tiers
of each motivational category for those who did not engage in the
peer grading and for those who did. Statistically significant
results at the p ¼ 0.05 level using the Kolmogorov-Smirnov two
sample test are denoted with asterisks and in bold type.

Did they engage in the peer grading?

No (n ¼ 2729) Yes (n ¼ 841)

Motivation % low % high % low % high p

Astronomy hobby 0.1 80.2 0.0 83.4 0.12
Career 18.9 36.9 16.1 37.1 0.20
*Grade 21.6 30.9 17.5 32.7 <0.001
Intrinsic 0.1 83.6 0.0 86.7 0.10
*Self-determination 4.0 36.4 2.9 44.4 <0.001
*Self-efficacy 2.2 57.9 1.4 64.2 <0.001
Social 17.4 9.5 14.7 7.7 0.17
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than 70% of the videos had on average statistically
significantly lower motivation in career, grade, and social
categories. In fact the groups of learners with high career,
grade, and social motivations had, respectively, 18.2%,
18.2%, and 32.9% fewer people satisfying our video
engagement indicator compared to the survey baseline
(see Table IX).
Table VII compares motivational scores of people who

participated in the forum and who did not using the two
sample KS test on the distributions of motivational scores.
Self-determination and self-efficacy are again the factors
with the largest effect; we found an increase of 19.7% in
the forum participation among learners with high self-
determination and 9.9% with high self-efficacy compared
to the survey baseline (see Table IX). Unlike for the
previous two course engagement indicators, astronomy
hobby motivation this time had an effect; 9.9% more of
the learners participated in the forum if they scored high on
the astronomy hobby motivation compared to the survey
baseline (see Table IX). Surprisingly, the social motivation
did not manifest a statistically significant effect.
Since participation in peer grading is one of the graded

tasks, it is to be expected that motivational categories
having a significant effect (Table VIII) are similar as
for passing the whole course (Table V). Again, the two
sample KS test was used to compare the people who
participated in peer grading to those who did not on the
distributions of motivational scores. The most important
motivational factors are self-determination and self-
efficacy. Compared to the survey baseline 17.2% (9.4%)
more learners with high self-determination (self-efficacy)
participated in the peer grading (see Table IX).

VII. SUMMARY AND CONCLUSIONS

In this work we defined four course engagement indica-
tors which allowed us to measure course performance and
participation of the learners. We looked at the distributions
of grades, video usage, number of forum posts, and number
of performed peer reviews. We associated these distribu-
tions with specific metrics—percentage of people who
passed the course, watched more than 70% of videos,

participated in the discussion forum, and did at least one
peer-grading task. These distributions and metrics allowed
us to characterize engagement of each specific group and
measure the differences between groups.
We found out that if a MOOC instructor has a high

reputation, it can motivate the learners to perform better.
The survey respondents who signed up for the course
because of the perceived importance of the reputation
of the instructors were on average almost two times
more likely to finish the course than others (Table III).
Although we cannot say with certainty what our learners
understand under the phrase “reputation of the instruc-
tor,” this finding is important for the business model of
expert MOOCs such as Masterclass that rely on the
reputation of their instructors. Quite understandably, a
desire to earn a certificate also played a role (Table III).
This is good news because popularity of the certificates
is rapidly increasing. For example, Coursera saw a 70%
growth in 2017 [13].
The motivation of learners had a statistically significant

effect on the course engagement. Passing the class is
influenced by self-determination and self-efficacy in agree-
ment with the study by Barak et al. [4]. Self-determination
is defined as ability of learners to study science effectively
and helps them in organizing their time and resources to
become better students [27]. Self-efficacy measures the
confidence of learners that they succeed in a given course
[29] and is an important component of social cognitive
theory. As stated in Glynn et al. [1] who quote Bandura and
Locke [60]: “Whatever other factors serve as guides and
motivators, they are rooted in the core belief that one has
the power to produce desired effects; otherwise one has
little incentive to act or to persevere in the face of
difficulties.” The original study by Glynn et al. [1] with
college students found that self-efficacy was related to
the science grade point averages. The confidence that
they can achieve a high outcome might be important for
learning science in general. Figure 4 shows that both self-
determination and self-efficacy decrease with the age of
learners, but increase significantly with the number of
previously finished scientific courses (Fig. 5). Therefore,
we conclude that taking other science classes in traditional

TABLE IX. Percentages of learners satisfying the given engagement indicator in high tiers of each motivational category.

Motivation No. of learners in high tier Passed Watched over 70% of videos Participated in forum Did peer grading

Astronomy hobby 2891 10.9% 17.1% 7.8% 24.3%
Career 1320 10.5% 13.9% 7.0% 23.6%
Grade 1118 10.7% 13.9% 6.8% 24.6%
Intrinsic 3011 11.2% 17.5% 7.5% 24.2%
Self-determination 1365 13.0% 17.3% 8.5% 27.3%
Self-efficacy 2119 11.8% 17.4% 7.8% 25.5%
Social 324 8.3% 11.4% 7.1% 20.1%

Whole survey 3701 10.8% 17.0% 7.1% 23.3%
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classroom settings improves learners confidence, and
teaches them how to control their learning process, thus
setting them for success even in the MOOC environment.
Self-efficacy and self-determination are helpful in get-

ting learners started with the course, but do not contribute
to perseverance later in the course. In the Table V we
showed that there was no statistically significant difference
between motivation of people who dropped out after the
first peer-graded assignment and who finished the course.
This is most likely because people are dropping out from
the course for other reasons than lack of motivation. Gütl
et al. [61] report that most of the learners in their MOOC
did not finish the course due to personal and academic
reasons. Our course lasts 11 weeks and contains 18 h of
video material, making it one of the longer ones offered on
Coursera, where the typical courses run 4–10 weeks long
[48]. Therefore it is quite likely that other obligations in the
day-to-day life of our learners interfere with their ability to
continue in the course.
We did not see any motivational factor which would

positively influence the video engagement. On the contrary,
as Table VI shows, people who watched over 70% of the
videos had on average lower career, grade and social
motivations than the rest of the participants. The statistically
significant factors are in this case perfectly complementary
to the motivational factors important for passing the course
(Table V). In our opinion, one of the possible explanations
could be that people who diligently watch the videos are not
preoccupied with the course outcome, but are interested in
the entertainment value of the videos themselves, but future
work to interpret this effect is required. This is an original
result, since we are not aware of any other study addressing
motivation for video engagement.
Despite the fact that people with high social motivation

stated that they like to interact with other people and enjoy
learning with others (See Appendix), we did not see any
measurable effect of the social motivation on the forum
engagement (Table VII). Onah et al. [44] studied the use
of the forums in the MOOCs and concluded that their
primary purpose currently is interaction between students
and instructors rather than among students themselves. In
line with this theory is also our finding that forum engage-
ment was the only performance indicator which was
influenced by the astronomy hobby motivation. People
who enjoy learning about astronomy are more likely to
embrace the opportunity to communicate with the instruc-
tion team and not necessarily with other learners. This is an
important lesson for the design of discussion forums, which
should strive to promote conversation and engagement
among the students.
The null result for the motivational differences between

peoplewho participated in the peer grading and who finished
the course (Tables V and VIII) strengthens our previous
hypothesis that participation in the peer-grading assignments
is a major predictor of the course completion [46].

We did not find any engagement indicator that would
depend on the intrinsic motivation of the survey respon-
dents. Almost everyone in our sample (81.3%) had a high
intrinsic motivation. This is in line with work of Shroff
et al. [35] who reported that online learners have higher
intrinsic motivation than on-campus students, but this
might be also indicative of the sample of people who
chose to participate in the survey.
This is one of the limitations of our study. Any voluntary

survey by definition self-selects people who already are
more motivated, which raises a question if we can general-
ize the results for the general population of the course. This
research was also conducted in a setting of an astronomy
MOOC and its applicability to other massive open online
courses in different fields should be tested. For example,
career motivation in other MOOCs plays a much more
important role than in astonomy [31]. MOOCs are by
definition free choice learning environments [33]. How
learners engage with different MOOCs and in what ways
they choose to engage have implications for MOOC
designers and those studying these types of environments.
Studying courses focusing on different content and skills
will reveal other interesting interactions between learning
and motivation; therefore it is desirable to conduct similar
studies in other MOOCs with different subjects and
participants. We believe that the research community could
benefit from broader knowledge about motivational char-
acteristics of MOOC learners, which can lead to a more
granular characterization and better targeted instruction.
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APPENDIX: MODIFIED SCIENCE MOTIVATION
QUESTIONNAIRE II

Please rate the following statements on a scale: Never,
Rarely, Sometimes, Usually, Always. Note the clustering of
the motivational groups is marked as follows: Astronomy
Hobby motivation (AH), Career motivation (C), Grade
motivation (G), Intrinsic motivation (I), self-determination
(SD), Self-efficacy (SE), Social motivation (S).
(1) Learning science is interesting (I)
(2) Learning science will help me get a good job (C)
(3) I usually study hard to learn science (SD)
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(4) I believe I can earn a high score in a science
course (SE)

(5) I think about the grade I will get in science
classes (G)

(6) I like to learn about science because it interests my
friends/family (S)

(7) I want to be able to say that I’ve taken a science
class (S)

(8) It is fun to learn about Astronomy (AH)
(9) I wanted to learn about Astronomy in general (AH)
(10) I am curious about discoveries in science (I)
(11) Understanding science will benefit me in my

career (C)
(12) I usually prepare well for science assignments (SD)
(13) Getting a good science grade is important to me (G)
(14) I like to take science classes with my friends/family/

club (S)
(15) Astronomy is my hobby (AH)
(16) I wanted to learn about a particular Astronomy

topic (AH)
(17) The science I learn is relevant to my life (I)
(18) Knowing science will give me a career advan-

tage (C)
(19) I usually put enough effort into learning science (SD)

(20) I believe I can master science knowledge and
skills (SE)

(21) I want to be able to say that I’ve taken this astronomy
class (S)

(22) I like to learn science from a well-known scientist/
professor (S)

(23) It is fun to learn about science (I)
(24) Learning science makes my life more meaningful (I)
(25) My career will involve science (C)
(26) I enjoy learning science (I)
(27) I have strategies I use to learn science well (SD)
(28) I will use science problem-solving skills in my

career (C)
(29) I like to take science classes to interact with other

people (S)
(30) Learning Astronomy is interesting (AH)
(31) I spend a lot of time learning science (SD)
(32) I am confident I will do well on science assign-

ments (SE)
(33) I enjoy learning Astronomy (AH)
(34) I am sure I can understand science (SE)
(35) I like to do better than other students on science

assignments (G)
(36) I learn betterwhen I learn sciencewith other people (S)
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